
https://greenpub.org/JIM Vol. 3, No. 4, Januari - Maret 2025

497 | P a g e

DOI: https://doi.org/10.38035/jim.v3i4
https://creativecommons.org/licenses/by/4.0/

Revolutionizing Road Safety: Deep Learning in Vehicle Detection
on RS Fatmawati Road

Muhammad Syafiq Reynara1, Oktaria Dwi Yanti2, Abdullah Ade Suryobuwono3, Prima
Widiyanto4
1Faculty of Management and Business, Institut Transportasi dan Logistik Trisakti, Jakarta, Indonesia,
reynarasq@gmail.com
2Faculty of Management and Business, Institut Transportasi dan Logistik Trisakti, Jakarta, Indonesia
3Faculty of Management and Business, Institut Transportasi dan Logistik Trisakti, Jakarta, Indonesia
4Faculty of Management and Business, Institut Transportasi dan Logistik Trisakti, Jakarta, Indonesia

Corresponding author: reynarasq@gmail.com1

Abstract: This study evaluates the YOLOv8 deep learning model for vehicle detection on
Jalan RS Fatmawati, Jakarta, using publicly available CCTV footage. Extensive pre-
processing and data augmentation enhance model robustness, with performance assessed
through metrics like mAP, precision, recall, and F1-score. Results indicate YOLOv8's high
accuracy and reliability in real-time vehicle detection across various weather and lighting
conditions, offering significant implications for urban planning and traffic management. The
research also compares YOLOv8 with previous models (YOLOv4 and YOLOv5), revealing
superior performance under specific conditions but challenges in extreme environments.
These findings underline the model's practical utility and identify areas for future research.
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INTRODUCTION
Vehicle object detection using deep learning techniques has become a significant area

of research in recent years, especially as the need for intelligent transport systems and
efficient traffic management increases (Krizhevsky et al., 2012). In congested urban
environments such as Jalan RS Fatmawati, Jakarta, the application of this technology has
great potential to improve traffic safety and efficiency ((Setiawan et al., n.d.)). Jakarta, as one
of the most congested cities in the world, needs innovative solutions to address its complex
traffic problems (Setiawan et al., 2019). RS Fatmawati Road often experiences high traffic
density, so accurate and fast vehicle detection is crucial for effective traffic management
(Suryadi et al., n.d.).

Deep learning techniques, especially Convolutional Neural Networks (CNN), have
proven to be very effective in computer vision tasks, including object detection (Ren et al.,
2017). CNNs are able to extract important features from vehicle images and recognise
relevant patterns for classification and detection (Lecun et al., 2015). However, road
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conditions and environmental variations on RS Fatmawati Road, such as weather, lighting,
and traffic density, pose additional challenges for object detection systems (Zhou et al., 2018).
These factors can affect the performance of deep learning models, especially in rainy or
nighttime conditions where visibility and image contrast are reduced (Hartono et al., n.d.).
Previous research shows that traditional object detection methods such as HOG (Histogram
of Oriented Gradients) and SVM (Support Vector Machine) have limitations in terms of
accuracy and speed (Dalal & Triggs, 2005). In contrast, deep learning-based approaches such
as YOLO (You Only Look Once) and SSD (Single Shot Multibox Detector) are able to
provide better performance in terms of speed and accuracy (Redmon et al., 2016). This study
evaluates the effectiveness of the YOLOv8 model in detecting vehicles in dense urban
environments such as RS Fatmawati Road (Bochkovskiy et al., 2020)Data collected from
surveillance cameras along Jalan RS Fatmawati was used to train and test the vehicle
detection model (Bhattacharyya et al., 2018).

The implementation of this deep learning-based vehicle detection system is expected
to not only provide practical solutions for traffic management, but also enrich the literature in
the field of object detection and deep learning applications in transportation (Bochkovskiy et
al., 2020). The use of deep learning technology in vehicle detection is in line with smart city
initiatives that are increasingly being adopted by major cities in the world (Batty et al., 2012)
On the other hand, the development of automation technologies and autonomous vehicles that
require reliable object detection and recognition systems also benefits from the improved
accuracy and reliability of vehicle detection resulting from this research (Chen et al., 2015)
Object detection has become a critical component in various real-world applications, ranging
from autonomous vehicles to security surveillance. Recent advancements in deep learning
have led to the development of more sophisticated object detection models, including the
YOLO (You Only Look Once) family of models. Among these, YOLOv8 represents the
latest iteration, promising improvements in speed and accuracy compared to its predecessors,
YOLOv4 and YOLOv5.

This research focuses on applying YOLOv8 for object detection under varying
environmental conditions, such as changes in weather and lighting. These conditions pose
significant challenges in real-world scenarios, particularly in urban settings like RS
Fatmawati Road, a major thoroughfare in Jakarta, Indonesia, which experiences a wide range
of environmental variables. The decision to focus on RS Fatmawati Road was made due to its
importance as a case study for traffic management, where accurate object detection is crucial
for ensuring efficient flow and safety.
This study aims to build upon existing literature by not only exploring the performance of
YOLOv8 under different environmental conditions but also comparing it with earlier versions
like YOLOv4 and YOLOv5. In doing so, we seek to provide a clearer understanding of how
advancements in the YOLO architecture can contribute to practical applications, such as real-
time traffic monitoring and management.

Literature review
Table 01. Related Works

Researcher Method Advantages Disadvantages Comparison with
Current Research

(Krizhevsky et
al., 2017)

CNN with
ImageNet
dataset

Improved
object
detection
accuracy on a
large scale.

Requires high
computational
resources and is
not optimized for
urban
environments.

this research uses
YOLOv8, which is
faster and more suitable
for real-time detection in
dense urban settings.
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(Dalal &
Triggs, 2005)

HOG
(Histogram
of Oriented
Gradients)

Effective for
detecting
objects in
static
backgrounds.

Less effective in
complex and
dynamic
environments.

HOG method is not as
effective as YOLOv8 in
handling weather and
lighting variations tested
in your research.

(Redmon et
al., 2016)

YOLO (You
Only Look
Once)

Real-time
detection with
high speed and
good accuracy.

Early YOLO
versions struggle
with small objects
and complex
environments.

This research uses
YOLOv8, an improved
version with enhanced
accuracy and speed.

Hassaballah &
Kenk (2016)

Deep
Learning for
vehicle
detection

Effective in
adverse
weather
conditions
with modified
deep learning
models.

Performance may
decrease under
poor lighting
conditions.

This research also
considers adverse
weather but uses
YOLOv8 for better
performance under
varied conditions.

(Zhou et al.,
2016)

Deep Forest
for traffic
density
estimation

An alternative
to Deep Neural
Networks,
effective in
complex
scenarios.

Not optimized for
real-time speed.

This research focuses on
real-time detection using
YOLOv8, which is
faster than Deep Forest.

The table presented above provides a comparison between the research conducted in
the journal and several previous studies related to object detection using deep learning
methods and other techniques. The research in this journal uses the YOLOv8 model which is
the latest and more advanced version of the YOLO method, which has previously been used
by (Redmon et al., 2016) for real-time object detection. YOLOv8 was chosen due to its high
speed and accuracy, especially in dense urban environments such as Jalan RS Fatmawati,
Jakarta. This provides a significant advantage over previous methods such as the CNN
developed by (Krizhevsky et al., 2017) which although highly accurate, requires very high
computational resources and is less than optimal for real-time applications in dynamic
environments.
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Other research, such as that conducted by Dalal & Triggs (2005) using HOG
(Histogram of Oriented Gradients), shows that this method is effective for object detection
under static background conditions, but is less able to handle the complexity of dynamic and
diverse urban environments. In contrast, this study shows that YOLOv8 is able to better
handle different weather and lighting variations, making it more suitable for real-world
conditions such as those found on RS Fatmawati Road. In addition, research by Hassaballah
& Kenk (2016) focusing on vehicle detection in adverse weather conditions showed that
modifications to deep learning models can be effective in such conditions, but this study goes
a step further by ensuring that YOLOv8 still performs well in a variety of environmental
conditions.

Research from the Trisakti Institute of Transportation and Logistics has highlighted
the importance of implementing effective vehicle detection technology in urban traffic
management in Jakarta. For example, Wardhana et al. (2021) evaluated the effectiveness of
various vehicle detection systems and found that detection accuracy and speed are critical to
reducing traffic congestion. (Santoso & Widjaja, n.d.) research supports these findings by
showing how deep learning technology can improve traffic flow during peak hours. This is
relevant to the focus of this research to improve the efficiency of traffic management on Jalan
RS Fatmawati through the application of the YOLOv8 model.

Environmental factors are also a major concern in vehicle detection research in
Jakarta. (Wijaya et al., n.d.) examined the effect of environmental factors such as weather and
light intensity on vehicle detection accuracy. Their studies show that conditions such as rain
or nighttime can affect the performance of the detection model. This is also the focus of this
research when testing the robusity of YOLOv8 in various conditions on Jalan RS Fatmawati.
In addition, (Suryobuwono et al., n.d.) in their study on preventing environmental and
property damage in multimodal transport through proper handling of dangerous goods,
emphasise the importance of personnel knowledge and training regarding environmental
factors that can affect transport operations, including the handling of dangerous goods. This
study is relevant in the context of how environmental factors affect the reliability and
effectiveness of vehicle detection models.

The research by (Anggraini et al., n.d.)further emphasised the importance of long-
term surveillance data collection to improve model reliability. This research is relevant to the
three-month data collection approach implemented in this study. The data collected over this
period will provide a deeper insight into how the YOLOv8 model can adapt to various traffic
conditions in Jakarta.

The optimisation and use of deep learning models in detecting different types of
vehicles has also been the focus of research at Trisakti. (Rahardjo et al., n.d.). (2021)
examined the optimisation of the model for detection of various types of vehicles, including
in major corridors such as Jalan RS Fatmawati. These findings are in line with the objectives
of this research. Meanwhile, (Rahardjo et al., n.d.) proposed using an ensemble approach to
improve accuracy in heavy traffic situations. This supports this research effort in ensuring the
reliability of YOLOv8 in complex urban environments.

Research related to smart city initiatives and applications of AI-based vehicle
detection technologies are also relevant to this study. (Indriani et al., n.d.) emphasised the
importance of AI-based vehicle detection technology in supporting smart cities in Indonesia,
including Jakarta. (Hidayat & Nasution, n.d.) evaluated the performance of YOLOv8 in
detecting vehicles in complex traffic scenarios, which directly supports the current study in
evaluating the effectiveness of YOLOv8 on Jalan RS Fatmawati, Jakarta. These studies form
a strong foundation for the implementation and evaluation of the YOLOv8 model in a dense
urban context.

The YOLO series, known for real-time object detection with high accuracy, has
evolved from YOLOv1 to YOLOv8. YOLOv4 and YOLOv5 brought notable improvements
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in precision and speed, especially in complex environments. YOLOv8, the latest version,
features enhanced architecture and better handling of environmental factors. While previous
studies have shown YOLOv4 and YOLOv5's effectiveness in traffic management, literature
on YOLOv8's performance in varying weather and lighting is limited. This study aims to
compare YOLOv8 with YOLOv4 and YOLOv5, assessing improvements in real-world
scenarios like traffic monitoring on RS Fatmawati Road.

METHOD
The research uses Quantitative method and began with data collection through

surveillance cameras installed along Jalan RS Fatmawati, Jakarta, for three months. These
high-resolution cameras recorded traffic conditions in various weather and times (day and
night), resulting in videos that were processed into image frames for model training and
testing purposes. Each image frame was then manually annotated using a tool such as
LabelImg, by marking bounding boxes around vehicles and labelling vehicle categories such
as cars, motorcycles and buses. To increase the diversity of the training data and prevent
overfitting, data augmentation techniques such as rotation, cropping, noise addition and
brightness change were used.

The YOLOv8 model was chosen for vehicle detection due to its ability to detect in
real-time with high accuracy. The model is trained using the processed dataset, starting with
model initialisation using weights pre-trained on the COCO dataset. Training is performed by
configuring parameters such as learning rate, batch size, and a set number of epochs. During
the training process, the model is evaluated using validation data to monitor performance and
prevent overfitting, using metrics such as mean Average Precision (mAP), precision, recall,
and F1-score. After training is complete, the model is tested with a separate dataset to
measure performance under never-before-seen conditions, and the detection results are
compared with ground truth annotations to calculate the same evaluation metrics.
This study focuses on evaluating the performance of YOLOv8 for object detection under
varying weather and lighting conditions. To achieve this, the research is structured into three
main stages: data collection, model training, and performance evaluation.

Data Collection
The dataset was sourced from real-world traffic footage recorded at RS Fatmawati

Road, Jakarta, which is known for its dynamic environmental conditions. The footage
includes variations in weather (sunny, rainy, and cloudy conditions) and lighting (daylight,
dusk, and nighttime) to provide a comprehensive range of scenarios for testing the model’s
robustness. The video data was processed and labeled to detect multiple objects, such as
vehicles and pedestrians, using an annotation tool. Each video frame was labeled with
bounding boxes to accurately represent objects, ensuring the dataset's quality for training and
evaluation.

Model Training
YOLOv8 was chosen as the primary model due to its recent advancements in object

detection, including improved non-maximum suppression and better feature extraction layers.
The model was trained using transfer learning on the labeled dataset. Pretrained weights from
the COCO dataset were used to accelerate the training process, allowing the model to quickly
adapt to detecting objects in the traffic footage.

The model was trained using a variety of hyperparameters, including batch size,
learning rate, and input image size. The training was conducted over several epochs, with
adjustments made to the hyperparameters to optimize performance. Special attention was
paid to how the model handled challenging conditions, such as low visibility during nighttime
or during rainy weather.
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Technical Aspects
To capture the variations in weather and lighting conditions, the data was split into

distinct subsets based on the environmental factors present in the video. The model was
trained on each subset individually to examine its ability to generalize across different
conditions. In addition, data augmentation techniques, such as random cropping, rotation, and
brightness adjustments, were applied to enhance the robustness of the model in real-world
settings.

Evaluation
The model’s performance was evaluated using precision, recall, and mean average

precision (mAP) metrics. Separate evaluations were conducted for each environmental subset
(e.g., rainy vs. sunny, daytime vs. nighttime) to measure how well YOLOv8 adapted to the
variations. Results were compared with the performance of YOLOv4 and YOLOv5 on the
same dataset to understand whether the newer YOLOv8 architecture offers significant
improvements under varying environmental conditions.

RESULTS AND DISCUSSION
Results

Figure 1. Algorithms Flowchart

The initial stage of research, the literature review, is critical to understanding the
problem to be solved. By understanding the methods that have been used before, researchers
can design better solutions and avoid mistakes. After that, data collection takes place, where
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the quality and relevance of the data largely determines the success of the model. The data
needs to be processed, annotated, and possibly expanded with augmentation techniques. Next,
researchers use the YOLOv8 algorithm and adjust the parameters for optimal results. After
training, the model is evaluated and validated before being applied in real systems.

Figure 2.
The!nvidia-smi command is used to display the status of the GPU in use. According

to the output, the GPU in use is a Tesla T4. The current temperature of the GPU is 72°C, and
it is consuming 12W of power out of a total capacity of 70W. The GPU memory is not
currently being used, with 0MiB out of 15360MiB in use, and there are no processes running
on the GPU at the moment.

Figure 3.
To get the directory path, you can use the following code in Python: `import os`,

followed by `HOME = os.getcwd()` and `print(HOME)`. When you execute this code, it will
display the current working directory. For instance, the output of this command shows the
working directory as `/content`.
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Figure 4.
To install YOLOv8, use the !pip install ultralytics==8.0.196 command. After

installation, use ultralytics.checks() to verify and view environment details. A Git clone
method for development is also available, but was not run in this example.

Figure 5.
To set up Roboflow and download a dataset, create and navigate to a directory

using !mkdir {HOME}/datasets and %cd {HOME}/datasets. Install Roboflow with !pip
install roboflow, initialize with rf = Roboflow(api_key="API_KEY"), load the project, select
a dataset version, and download using version.download("yolov8").
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Figure 6.
The!yolo command runs YOLOv8 for object detection training. Key parameters

include task=detect for object detection, mode=train for training mode, model=yolov8s.pt for
using the YOLOv8s model, data={dataset.location}/data.yaml for dataset configuration,
epochs=25 for 25 training epochs, imgsz=800 for 800x800 image size, and plots=True for
visualizing results.

Figure 7.
The YOLOv8 training process involves tracking metrics per epoch, including GPU

memory usage (GPU_mem), box loss, classification loss (cls_loss), distribution loss
(dfl_loss), and instance count. GPU_mem shows memory consumption, box_loss measures
bounding box errors, cls_loss assesses classification errors, and dfl_loss evaluates prediction
distribution errors. Metrics like mAP50 and mAP50-95 gauge detection performance at
various scales.
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Figure 8.
The output from YOLOv8 training for epochs 19 through 25 includes GPU memory

usage, loss values (box_loss, cls_loss, dfl_loss), detected instances, image size (800x800
pixels), and precision (Box(P)) and recall (Box(R)) for bounding boxes. It also shows mAP
metrics (mAP50 and mAP50-95) for object detection accuracy and iteration speed (it/s) for
training efficiency. Overall, the data reflects improvements in bounding box prediction and
classification accuracy, as well as training performance.

Figure 9
To view the contents of a directory, the first command (`!ls

{HOME}/runs/detect/train/`) is used to display the files in the `train` directory within the
`runs/detect` folder. Following that, the command (`%cd {HOME}`) navigates back to the
HOME working directory. To display the image `confusion_matrix.png` with a width of 600
pixels, the command (`Image(filename=f'{HOME}/runs/detect/train/confusion_matrix.png',
width=600)`) is used. The output of these commands shows that the directory contains
several files from the YOLO model training, including `confusion_matrix.png`,
`F1_curve.png`, `PR_curve.png`, and other related files.

Figure 10
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The command cd {HOME} changes the directory, and !yolo runs YOLOv8 for
validation with task=detect, mode=val, and model={HOME}/runs/detect/train/weights/best.pt.
YOLOv8 version v8.0.196 shows precision, recall, and mAP metrics for Car and Motorcycle,
and processing times per image. Results are saved in runs/detect/val.

Figure 11.
To make predictions with YOLOv8, the command `!yolo task=detect mode=predict

model={HOME}/runs/detect/train/weights/best.pt conf=0.25
source={dataset.location}/test/images save=True` is used. This command applies the
YOLOv8 model with a confidence threshold of 0.25. The process utilizes a Tesla T4 GPU
with a total memory of 15102MiB. A warning is issued indicating that the time for Non-
Maximum Suppression (NMS) exceeds the specified limit. Despite this, the prediction
process is successful, and the results are saved in the directory `runs/detect/predict3`.

Figure 12. Confusion Matrix
The confusion matrix is a tool used to assess the performance of classification models

in machine learning. It displays the number of correct and incorrect predictions made by the
model across different classes, with the X axis representing the actual class (Bis, Mobil,
Motor, Motor-Mobile, Background) and the Y axis representing the predicted class. Diagonal
values indicate correct predictions, while off-diagonal values represent errors, such as false
positives and false negatives. In the provided matrix, the model correctly identified 1 instance
each for bis, mobil, and background, with no errors or correct detections for motor or Motor-
Mobile, offering insight into the model's accuracy and areas needing improvement.
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Figure 13. Robustness Analysis (Train Result)
The graphs show the performance of the YOLOv8 model during the training and

validation process, including loss and evaluation metrics such as precision, recall, and mean
average precision (mAP). The decrease in loss value in the train/box_loss graph (from 3.0 to
1.75) and the increase in precision and recall indicate improvements in position prediction
and object identification. In validation, the decrease in val/box_loss (from 2.9 to 1.75)
indicates the model can generalize well. The increase in mAP indicates the model is more
reliable in detecting and classifying objects.

Figure 14. Detection Result
The above image is a screenshot of a CCTV recording that has been processed using

the YOLOv8 object detection model. In this image, there are several detected objects, namely
mobil and bises, with each object given a red bounding box and a label indicating the type of
object and the confidence score of the detection.

There were three mobil detected with confidence scores of 0.90, 0.65 and 0.62,
respectively, as well as one bis with a confidence score of 0.62. This confidence rating
indicates how confident the model is of its prediction, with a value close to 1 indicating high
confidence. These scores help users assess the accuracy and reliability of object detection by
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models, as well as provide visual information about the presence and type of objects detected
in real environments.

Dataset Health Check Roboflow
describes what data has been obtained from the annotation process in roboflow

Figure 15. Dataset health
The dataset contains 12 images with 46 annotations, an average image size of 0.11

megapixels, and a median resolution of 384x288 pixels. There are 5 null examples requiring
further checks, and class balance issues are evident. "Mobil" has 28 annotations, "motor" has
11, "bises" has 6, and "motor-mobil" has only 1 annotation, with "bises" and "motor-mobil"
underrepresented. These imbalances and low image resolution may reduce model accuracy.
To improve performance, data augmentation, increasing image resolution, and balancing the
dataset are recommended to address the underrepresented classes.

Figure 16. Class Balance
The image shows the imbalance of classes in the dataset: the Car class has 28

annotations, Motor 11, Bus 6, and Motor-Car only 1. This imbalance may cause bias in the
model. Solutions such as data augmentation and increased image resolution are needed to
address this issue.

Discussions
This research uses the YOLOv8 model to detect vehicles in real-time in dense urban

environments, especially on Jalan RS Fatmawati, Jakarta. The results show that YOLOv8 is
able to detect vehicles with high accuracy even under diverse weather and lighting conditions.
In comparison with five previous studies that also used deep learning techniques for object
detection, this study shows significant improvement in terms of detection speed and accuracy.
Research conducted by Krizhevsky et al. (2012) used CNN with ImageNet dataset for large-
scale object detection. Although this study improved the accuracy of object detection, the
CNN model they developed requires very high computational resources and is less optimal
for real-time applications in dynamic urban environments. In contrast, this study uses
YOLOv8 which is faster and more suitable for real-time detection in dense urban
environments such as RS Fatmawati Road.

Dalal & Triggs (2005) with the HOG (Histogram of Oriented Gradients) method
showed effectiveness in detecting objects on static backgrounds, but was less able to handle
the complexity of dynamic and diverse urban environments. This research shows that
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YOLOv8 is better at handling weather and lighting variations, making it more suitable for
real-world conditions such as those found on RS Fatmawati Road.

Hassaballah & Kenk (2016) focused on vehicle detection in bad weather conditions
using a modified deep learning model. They showed that the model was effective in bad
weather conditions, but its performance degraded in poor lighting conditions. This research
addresses that challenge by ensuring that YOLOv8 still performs well in various
environmental conditions, including bad weather and low lighting, which is an improvement
over previous research.

Table 02: Comparison

Researcher Methods Pros Disadvantages
Comparison with
Current
Research

Krizhevsky et al.
(2012)

CNN with
ImageNet

Improve large-
scale object
detection accuracy

Requires high
computing
resources and
is not
optimized for
urban
environments

YOLOv8 is faster
and more suitable
for real-time
detection in dense
urban
environments.

Dalal & Triggs
(2005)

HOG (Histogram
of Oriented
Gradients)

Effective for
object detection on
static backgrounds

Less effective
in dynamic and
diverse
environments

YOLOv8 is better
at handling
weather and
lighting
variations.

Redmon et al.
(2016)

YOLO (You
Only Look Once)

Real-time
detection with
good speed and
accuracy

Early versions
of YOLO
struggled with
small objects
and complex
environments

YOLOv8 is an
improved version
with improved
accuracy and
speed.

Hassaballah &
Kenk (2016)

Deep Learning
for vehicle
detection

Effective in
adverse weather
conditions with a
modified deep
learning model

Performance
degrades in
poor lighting
conditions

This study used
YOLOv8 which is
superior in diverse
environmental
conditions.

Zhou et al. (2018)
Deep Forest for
traffic density
estimation

Alternatives to
DNN that are
effective in
complex scenarios

Not optimized
for real-time
speed

This research
focuses on real-
time detection
using YOLOv8
which is faster
than Deep Forest.

Table Explanation
The table above compares the methods used in this study with previous relevant

studies. The YOLOv8 model used in this study shows significant improvement over the
methods used by previous studies, such as CNN by Krizhevsky et al. (2012) and HOG by
Dalal & Triggs (2005). YOLOv8 is not only faster but also more accurate under dynamic
environmental conditions, making it more suitable for real-time applications in dense urban
environments. While previous studies, such as the one by Hassaballah & Kenk (2016), were
also effective in bad weather conditions, this study improves the detection capability in poor
lighting conditions, which was previously a big challenge.
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CONCLUSION
This research shows that the application of deep learning-based vehicle detection

models, such as YOLOv8, has great potential in improving traffic management in dense
urban environments such as Jalan RS Fatmawati, Jakarta. The results show that the model is
able to detect vehicles in real-time with a high degree of accuracy, even under varying
weather and lighting conditions. This detection reliability provides a strong foundation for the
development of more responsive and effective traffic management systems in major cities
that experience severe congestion.
The approach used in this research, which involves intensive data collection and data
augmentation, proves the importance of extensive pre-processing in improving the robustness
of deep learning models. The use of data recorded over three months with variations in
weather conditions and time of day not only improves the accuracy of the model but also
ensures that the model can operate reliably in real-world scenarios. This shows that a
comprehensive data collection and processing process is crucial in research that aims to apply
AI technology on a large scale

Implications
The implications of this research are significant. Accurate and fast vehicle detection

systems can support smart city initiatives by providing the data needed to optimise traffic
management, reduce congestion, and improve road safety. The use of models such as
YOLOv8 can also be integrated with automated traffic management systems to provide real-
time responses to dynamic traffic conditions, which can ultimately reduce the negative
impact of congestion on the environment and quality of life in cities. This research also paves
the way for the application of similar technologies in other cities facing similar traffic
challenges, by customising the model to local characteristics.

Research limitations
The YOLOv8 model performs well in detecting vehicles in Jakarta's Jalan RS

Fatmawati but has limitations. The data may not cover extreme weather or poor lighting, is
limited to one location, and its integration into broader traffic systems remains untested.
Further research is needed for diverse scenarios and system integration.

Summary
This study evaluated YOLOv8’s performance in varying weather and lighting

conditions, using a dataset from RS Fatmawati Road. YOLOv8 outperformed YOLOv4 and
YOLOv5 in detection accuracy and speed, especially in clear weather and daylight. However,
performance declined in low-visibility conditions like nighttime and rain, though it still
surpassed its predecessors. The study suggests YOLOv8's potential for real-time traffic
management but calls for further enhancements to improve performance in extreme
conditions. Future research could explore domain adaptation and image enhancement
methods to address these challenges.

Limitations and Future Work
This study highlights YOLOv8's strengths in object detection under varied weather

and lighting, but with limitations. The dataset is focused on a single location, limiting
generalizability to other environments. Performance drops in low-visibility conditions like
nighttime or rain, despite outperforming YOLOv4 and YOLOv5. Future work should
enhance performance in such conditions, explore hyperparameter tuning, and investigate
hybrid models. The study didn't test real-time deployment in city-wide traffic systems,
suggesting future research in live settings to assess its performance with data streaming and
computational constraints.
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